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https://doi.org/10.1016/j.celrep.2021.108695SUMMARYMycobacterium tuberculosis, which causes tuberculosis, can undergo prolonged periods of non-replicating
persistence in the host. Themechanisms underlying this are not fully understood, but translational regulation
is thought to play a role. A large proportion of mRNA transcripts expressed inM. tuberculosis lack canonical
bacterial translation initiation signals, but little is known about the implications of this for fine-tuning of trans-
lation. Here, we perform ribosome profiling to characterize the translational landscape ofM. tuberculosis un-
der conditions of exponential growth and nutrient starvation. Our data reveal robust, widespread translation
of non-canonical transcripts and point toward different translation initiation mechanisms compared to
canonical Shine-Dalgarno transcripts. During nutrient starvation, patterns of ribosome recruitment vary, sug-
gesting that regulation of translation in this pathogen ismore complex than originally thought. Our data repre-
sent a rich resource for others seeking to understand translational regulation in bacterial pathogens.INTRODUCTION
Mycobacterium tuberculosis is an important human pathogen
with a complex life cycle characterized by long periods of persis-
tence, in which bacteria enter a non-replicative, antibiotic-
tolerant state (Stewart et al., 2003; Gomez and McKinney,
2004). The mechanisms underlying bacterial adaptation to
diverse environmental conditions encountered during infec-
tion—such as the acidification of phagosomes, the presence of
reactive nitrogen and oxygen species, hypoxia, and nutrient star-
vation—are still poorly understood (Rengarajan et al., 2005).
Recent findings have demonstrated differences in translational
control between M. tuberculosis and the model organism
Escherichia coli, and these mechanisms may play a role in the
ability of M. tuberculosis to adapt to diverse environmental con-
ditions (Trauner et al., 2012; Xue and Barna, 2012; Byrgazov
et al., 2013; Bunker et al., 2015; reviewed in Sawyer et al., 2018).
The translation of messenger RNA (mRNA) into protein is a
highly controlled process involving multiple layers of regulation
at each step of initiation, elongation, termination, and ribosome
recycling. In recent years, the heterogeneity of these regulatory
mechanisms has begun to be appreciated and explored. In
particular, there is increasing evidence to show that distinct pop-
ulations of ribosomes preferentially translatemRNAswith certain
features (Xue and Barna, 2012; Byrgazov et al., 2013; Shi et al.,
2017). Not only do gene sequence features, such as the codonThis is an open access article under the CC BY-Nadaptation index, gene length, and functional category, influ-
ence translation levels (Dressaire et al., 2010; Picard et al.,
2012), but untranslated regions (UTRs) of mRNAs can also influ-
ence the stability and translational efficiency of the transcript
(Chen et al., 1991; Nguyen et al., 2020).
The development of ribosome profiling (Ribo-seq) techniques
has proven to be powerful for studying translation (Ingolia et al.,
2009). It involves isolation of ribosomes bound to mRNA, enzy-
matic digestion of mRNA unprotected by the ribosome, and
sequencing the ribosome-protected fragments (RPFs or foot-
prints) of the mRNA. This technique enables very precise identi-
fication of specificmRNA strands being actively translated at any
given moment in time. Ribo-seq experiments performed in the
non-pathogenic Mycobacterium smegmatis have uncovered
important new details about translation, including the translation
of hundreds of small, previously unannotated proteins at the 50
ends of transcripts (Shell et al., 2015); the translation by alterna-
tive ribosomes that have distinct functionality compared with
their canonical counterparts (Chen et al., 2020); as well as
cysteine-responsive attenuation of translation (Canestrari et al.,
2020).
The adaptive responses of mycobacteria to stress have been
extensively analyzed by transcriptional profiling in well-defined
experimental models (Stewart et al., 2002; Betts et al., 2002;
Deb et al., 2009; Rohde et al., 2012; Galagan et al., 2013; Rustad




OPEN ACCESSMartini et al., 2019). However, due to the well-established poor
correlation between levels of mRNA transcripts and proteins in
the cell (Cortes et al., 2017; Haider and Pal, 2013) and differ-
ences in mRNA and protein half-lives (Taniguchi et al., 2010), it
is unclear how the changes that occur in the transcriptome of
bacteria that enter a persistent state play out in the proteome.
Clearly, there are post-transcriptional control mechanisms that
influence protein abundance, but these are currently poorly un-
derstood in mycobacteria. Previous genome-wide mapping of
transcriptional start sites (TSSs) in M. tuberculosis has shown
that this pathogen expresses a large number of transcripts that
lack the sequence elements that usually play a role in ribosome
recruitment and binding, such as the Shine-Dalgarno sequence
that is normally present in the 50 UTRof bacterial genes. In partic-
ular, around a quarter of theM. tuberculosis genes lack a 50 UTR
at all (referred to as leaderless transcripts), while approximately a
further 25% have a 50 UTR that does not contain a Shine-
Dalgarno sequence (designated here as UTR-no-Shine-Dal-
garno [UNSD]) (Cortes et al., 2013; Shell et al., 2015). It is known
that under conditions of nutrient starvation, transcription of lead-
erless genes is upregulated and associated with genes ex-
pressed in nondividing cells (Cortes et al., 2013), but overall, un-
derstanding of the impact of the regulation of non-canonical
genes on translation in this pathogen is lacking. Hence, further
understanding of the quantitative correlations between tran-
scription and translation, and the regulation of translation of
non-canonical mRNAs, is needed in order to gain more insight
into persistent infection with M. tuberculosis.
In this Resources article, we have applied parallel RNA
sequencing (RNA-seq) and Ribo-seq in M. tuberculosis H37Rv
(reference strain) to gain further insight into the translational land-
scape of this pathogen and to provide comprehensive measure-
ments of translation under exponential growth and following
nutrient starvation, which is a model for persistence. Our data
provide a rich resource for studying translation and its regulation
in M. tuberculosis.
RESULTS
The translational landscape of M. tuberculosis during
exponential growth
To better understand genome-wide translation inM. tuberculosis,
we adapted a previously published protocol for Ribo-seq (Latif
et al., 2015) to be suited for a Biosafety Level 3 (BSL3) laboratory
environment. The main adaptations employed were the harvest-
ing of cultures by centrifugation in sealed buckets and the sterili-
zation of cell lysates by double filtration through a 0.2-mm mem-
brane (ribosome footprint samples). Verification of sterility of
samples was key to ensuring they could be removed from
the BSL3 laboratory for downstream processing. Cultures of
M. tuberculosis H37Rv were grown to an OD600 of ~0.6, and trip-
licate samples were processed for parallel Ribo-seq and RNA-
seq (see STARMethods). Chloramphenicol was used to halt elon-
gation for the generation of Ribo-seq libraries (Becker et al.,
2013). The libraries were multiplex sequenced on an Illumina
NextSeq 500 by Cambridge Genomic Services. Samples were
depleted of ribosomal RNA using the ribo-zero kit (see STAR
Methods), and remaining ribosomal RNA reads were filtered out2 Cell Reports 34, 108695, February 2, 2021of the Ribo-seq dataset in silico. On average, we sequenced 36
million fragments, with 30%of the RPF reads aligning to non-ribo-
somal RNA genome locations (Table S1A). As our experimental
procedure did not include a size selection step, we only consid-
ered RPF reads from 15–40 nucleotides for further analysis. The
distribution of RPF readswas reproducible across replicates, pre-
senting a broad distribution across the length range, but with a
detectable peak at 26 nucleotides (Figure 1A). This footprint
length of 26 nucleotides sits between the predominant footprint
length identified in E. coli (24 nucleotides) (H€ucker et al., 2017;
Li et al., 2014; Mohammad et al., 2019) and in eukaryotes (28–
30 nucleotides) (Brown et al., 2015; Ingolia et al., 2011), being
closer to the predominant footprint length of 27 nucleotides
recently described in archaea (Gelsinger et al., 2020). However,
footprint lengths determined in different experiments and organ-
isms are strongly impacted by experimental parameters (Moham-
mad et al., 2019), so although this comparison is interesting, it
should not be overinterpreted.
To assess the quality and reproducibility of our data, we calcu-
lated the pairwise Spearman correlation for each pair of biolog-
ical replicates for both the RNA-seq and Ribo-seq libraries,
which showed a high degree of reproducibility between repli-
cates (Spearman’s r > 0.97; Figure 1B; Table S1A). Next, we
calculated the fraction of reads corresponding to various
genomic regions for both the RNA and RPF reads (see STAR
Methods). As RPF reads reflect translating ribosomes, they are
expected to have a higher fraction of the reads mapped within
or proximal to coding sequences (CDSs) and 50 UTRs, whereas
RNA reads will have a broader distribution, with a higher fraction
of reads mapped to non-coding regions of the genome. As ex-
pected, whereas only 37% of the RNA reads accounted for
CDSs, 73% of the RPF reads mapped within CDSs with a further
16%mapping within 50 UTRs (Figure 1C). Mapping of RPF reads
within 50 UTRs is expected to mainly reflect ribosomal engage-
ment near the annotated start codon for translation initiation.
To verify this, we further looked at the 79 expressed 50 UTRs
shared across the top 100 most expressed 50 UTRs among the
three biological replicates, which accounted for 67.3% of the to-
tal fraction of reads mapped to 50 UTRs. In 61 out of the 79 cases
(77.2%), mapped RPF reads to these regions could be attributed
to ribosomal recruitment for translation initiation (Figure S1).
The overall expression rate for each gene during exponential
growth was calculated as read density across each gene in
reads per kilobase per million (RPKM). Plotting of gene expres-
sion rates for RPF and RNA across replicates revealed a high
correlation between measures of transcription and translation,
consistent with the coupling of these processes in bacteria
(Spearman’s r = 0.91; Figure 1D). We were able to reliably quan-
tify translation rates for 3,569 genes, representing 88.5% of the
annotated translatome (reliable translation is defined here as
genes with 128 or more total read counts among the three repli-
cates; see STAR Methods; Table S1C; Figures S2A and S2B).
Based on the previous categorization of M. tuberculosis tran-
scripts on the basis of TSS mapping (Cortes et al., 2013), we
divided the translatome genes into those having a 50 UTR region
and those lacking a 5 0UTR, designated as leaderless transcripts.
The set of genes with a 50 UTR were further categorized into
‘‘Shine-Dalgarno’’ if a Shine-Dalgarno sequence was previously
Figure 1. The translational landscape of M. tuberculosis during exponential growth
(A) Fraction of reads from 15 to 40 nucleotides in M. tuberculosis Ribo-seq libraries during exponential growth (three biological replicates).
(B) Pairwise correlation coefficients calculated between each pair of replicates for total RNA and RPFs based on number of counts per gene. Line and bars
represent the mean with range across the three replicates.
(C) Fraction of RNA and RPF reads aligning to various genomic features, coding sequences (CDSs), 50 UTRs, non-coding RNAs (ncRNA), and intergenic regions
(IGRs). Values are represented as percentages. Error bars indicate standard deviation across the three replicates.
(D) Correlation between transcriptome and translatome assessed from plotting average RPKMs across the three replicates for mRNA and RPFs.
(E) Distribution of gene categories among the 3,569 genes for which reliable rates of translation were quantified. Shine-Dalgarno (SD, blue), leaderless (L, orange),
50 UTR not including a Shine-Dalgarno (UNSD, green), and not assigned (gray). The suffix ‘‘op’’ refers to genes assigned to operons.
(F) Plot of ribosome occupancy (RO) values distribution of Shine-Dalgarno (SD, blue), leaderless (L, orange), UNSD (green), and not assigned (NA) genes
during exponential growth. Bars denote median RO values for each group. Asterisk denotes significant differences between gene categories (Kruskal-Wallis test,
p < 0.0018).
(G) Plots of mRNA versus RO with Spearman coefficients and linear regression included for each gene category.
(H) Top: RO values distribution among functional categories (see key below). Bars indicate median RO values. Bottom: proportion of Shine-Dalgarno (blue),
leaderless (orange), UNSD (green), or not assigned (gray) genes representing each functional category. Key to functional categories: a, degradation; b, energy
metabolism; c, central intermediary metabolism; d, amino acid biosynthesis; e, purines, pyrimidines, nucleosides, and nucleotides; f, biosynthesis of cofactors,
prosthetic groups, and carriers; g, lipid biosynthesis; h, polyketide and non-ribosomal peptide synthesis; i, broad regulatory functions; j, synthesis and modi-
fication of macromolecules; k, ribosomal proteins; l, degradation of macromolecules; m, cell envelope; n, cell processes; o, other; p, conserved hypotheticals;
q, unknowns; r, toxin-antitoxin systems.
See also Figures S1 and S2 and Tables S1 and S2.
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OPEN ACCESSpredicted within the 50 UTR region or ‘‘UNSD’’ when a Shine-Dal-
garno sequence was not predicted within the UTR (classification
of UTR categories was performed using themethod described in
Cortes et al. [2013]). Furthermore, the operon categorization for
genes belonging to UNSD, Shine-Dalgarno, and leaderless op-erons was also used. The remaining genes for which a reliable
translation rate was quantified during exponential growth but
no previous categorization was available were classified as
‘‘not assigned’’ (1,200 out of 3,569 genes; Figure 1E). The classi-
fication ‘‘not assigned’’ is based on detection of a TSS for theCell Reports 34, 108695, February 2, 2021 3
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impossible to determine the length or content of any UTR since
the mRNA upstream of the start codon is not defined (see
Methods in Cortes et al. 2013). For all downstream analysis,
genes assigned to operons, which represent 18.2% of the reli-
ably quantified genes (Figure 1E), were excluded. We were
able to quantify similar reliable rates of translation for leaderless
mRNAs (497 out of 3,569; 14%), Shine-Dalgarno mRNAs (546
out of 3,569; 15%), and UNSD mRNAs (678 out of 3,569; 19%;
Figure 1E), thereby corroborating that M. tuberculosis is able to
efficiently initiate global translation of leaderless transcripts
and UNSD transcripts without the requirement of a Shine-
Dalgarno sequence during exponential growth (Shell et al.,
2015; Nguyen et al., 2020).
We next assessed genome-wide rates of mRNA translation by
calculating ribosome occupancies (ROs). These were calculated
by dividing the RPKM of the translatome by the RPKM of the
transcriptome (Table S1B). Ribo-seq does not distinguish
actively translating ribosomes from those stalled or engaged in
non-productive initiation; therefore, RO does not correspond
precisely to active translation. However, with this caveat in
mind, it is reasonable to compare ROs between gene classes.
Comparison of RO values for the different transcript categories
revealed significantly higher median ROs for Shine-Dalgarno
genes (Kruskal-Wallis test, p < 0.0018; Figure 1F), consistent
with previous observations of higher levels of expression for
genes in this UTR category (Ma et al., 2002). Interestingly,
UNSD transcripts showed significantly lower median ROs than
did Shine-Dalgarno and leaderless genes (Kruskal-Wallis test,
p < 0.0001; Figure 1F), suggesting that not having a 50 UTRmight
be better than having one, but without a Shine-Dalgarno
sequence. As RO values could be affected by mRNA stability,
we used available data on mRNA half-lives in M. tuberculosis
(Rustad et al., 2013) to look at the correlation between RO values
and mRNA stability among the set of reliable translated genes.
We found that Shine-Dalgarno genes had a significantly lower
median half-life than did the other transcript categories (Fig-
ure S2C), but the correlation between RO and mRNA stability
in the four gene categories was poor (Spearman’s r ranging
from 0.2 to 0.04) (Figure S2D), suggesting that the overall ef-
fect of mRNA stability on the estimation of RO in our dataset is
negligible.
Comparing gene RO values against mRNA gene expression
rates should provide information on the regulation of gene
expression at the level of translation and reveal potential differ-
ences in ROs among gene categories. Plotting of mRNA to RO
ratios for the different gene categories provided no evidence
for an overall difference in the translation of the different gene
categories (Spearman’s r < 0.20) (Figure 1G). Overall, our data
suggest that in contrast to E. coli, where the efficiency of leader-
less translation is strongly dependent on the availability of initia-
tion factors (Moll and Bläsi, 2002),M. tuberculosis can efficiently
initiate and robustly translate non-canonical transcripts using
the translational machinery available during in vitro growth
conditions.
Next, we asked if there is an association of RO with different
functional categories. For this, we analyzed the RO values of
genes from various functional categories and found that overall,4 Cell Reports 34, 108695, February 2, 2021RO values are widely spread among functional categories (Fig-
ure 1H). One exception are genes involved in non-ribosomal
peptide synthesis (h) that have significantly higher median RO
values (Kruskal-Wallis test, p < 0.007; Table S2A). When we
plotted the proportions of genes in each category that have a
Shine-Dalgarno sequence (blue), are leaderless (orange), or are
UNSD (green; Figure 1H), it is apparent that those functional cat-
egories with higher median RO values, like ribosomal protein
synthesis (k) and non-ribosomal peptide synthesis (h), tend to
have higher proportions of Shine-Dalgarno genes and are asso-
ciated with higher RO than categories with more leaderless or
UNSD genes, like toxin-antitoxin systems (r).
In summary, we have sequenced total RNA and ribosome foot-
prints from exponentially growing cultures of M. tuberculosis
H37Rv. Analysis of the sequencing data indicates that our RPF
data likely reflect genuine translation events in the mycobacterial
cell, with the majority of RPF reads mapping to CDSs and a small
proportion also mapping to 50 UTRs. Interestingly, we have been
able to detect global genome-wide translation of non-canonical
genes and found an association of RO values with both gene
and functional categories during exponential growth.
Metagene analysis reveals differences in ribosome
densities at the start codon between gene categories
As leaderless and UNSD transcripts lack the ribosomal recogni-
tion sequences for translation initiation, we hypothesized that
maps of ribosome densities for genes aligned at their start codon
will differ among the different transcript categories. In order to
test this hypothesis, we used ribosome densities assigned to
the 30 end of reads to perform metagene analysis and generate
maps of ribosome densities. For this analysis, we only consid-
ered genes longer than 300 nt and that had more than one
RPF read per codon. The 30 assignment of reads allowed us to
identify a consensus distance of 14 nt from the 30 end of mapped
reads and the start codon in our dataset (see STAR Methods),
which provides an estimate of the distance from the P-site codon
to the 30 boundary of the mycobacterial ribosome. Visualization
of the metagene profiles obtained for leaderless, Shine-Dal-
garno, and UNSD genes revealed striking differences in the ribo-
some densities around the start codons (Figure 2A). The meta-
gene analysis of Shine-Dalgarno genes shows a predominant
peak at the start codon, indicating a high ribosome density in
that region, whereas the ribosome density at the 50 end of leader-
less genes increases gradually with distance from the start
codon. In the case of UNSD genes, there is no predominant
peak at the start codon, either. We propose that the higher den-
sity of ribosomes near the start codon of Shine-Dalgarno genes
is due to a slower initiation associated with binding of the anti-
Shine-Dalgarno and Shine-Dalgarno sequences during posi-
tioning of the start codon in the P-site, in contrast to the 70S ribo-
some binding to leaderless transcripts and initiation proceeding
more rapidly to elongation.
To further evaluate the contribution of different RPF read
lengths to the ribosome densities observed in the three gene cat-
egories around the start codon, we performed metagene anal-
ysis on each set of read lengths and gene categories. We applied
the appropriate offset between the initiation peak and the start
codon (14 nt) and used the positions 0, 1, and 2 for the start
Figure 2. Metagene analysis of 30 assigned genes aligned at the start codon
(A) Average ribosome density on genes aligned at the start codon during exponential growth (three biological replicates). Metagene maps for all genes are shown
in black, Shine-Dalgarno genes in blue, UNSD genes in green, and leaderless genes in orange. For all maps, the number of genes included in the analysis is
indicated.
(B) Distribution of RPF read lengths of initiating ribosomes for each gene category: Shine-Dalgarno, blue; UNSD, green; leaderless, orange.
(C) Influence of the degree of complementarity to the anti-Shine-Dalgarno on RO. Boxplots indicate median (horizontal line) and interquartile range (box), and
whiskers and outliers are plotted following the Tukey method.
(D) Influence of the presence of the GGAGG core and degree of complementarity of the anti-Shine-Dalgarno sequence on RO. Boxplots indicate median
(horizontal line) and interquartile range (box), and whiskers and outliers are plotted following the Tukey method.
See also Figures S3 and S4 and Table S2.
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each read length. The values were then normalized by the total
ribosome density for each dataset, and the fraction of ribosome
densities at the start codon was plotted for each RPF read length
(Figure 2B; shown overlaid in Figure S3A). The resulting graphs
show different predominant read lengths for ribosomes initiating
translation of the three different gene categories. UNSD genes
had the longest footprint lengths, around 34–35 nt; Shine-Dal-
garno genes had a broader range of read lengths between 30
and 34 nt; and leaderless genes were associated with short
read lengths, 17–18 nt. The short read lengths of leaderless
genes occur because there is no RNA upstream of the start
codon, and at initiation, the start codon is in the ribosomalP-site, which is ~14 nucleotides from the ribosome boundary.
A similar analysis was performed for elongating ribosomes,
and the results showed a mixture of all read lengths for each
type of gene, with UNSD genes having themost even distribution
of read lengths and Shine-Dalgarno and leaderless genes
showing some bias toward shorter (<30 nt) read lengths (Figures
S3B and S3C).
AsShine-Dalgarnogenesare associatedwithhighermedianRO
values and show a clear initiation peak in the metagene analysis,
we next investigated the effect of the strength of the Shine-Dal-
garno sequence on RO. Locations of Shine-Dalgarno sequences
were found by searching for the canonicalM. tuberculosis Shine-
Dalgarno sequence (AGAAAGGAGG; complementary to theCell Reports 34, 108695, February 2, 2021 5
Figure 3. Mechanisms of translation in starvation
(A) Fraction of reads from 15 to 40 nucleotides in M. tuberculosis Ribo-seq libraries during nutrient starvation (three biological replicates).
(B) Average ribosome density on genes aligned at the start codon during nutrient starvation. Metagene maps for all genes are shown in black, Shine-Dalgarno
genes in blue, UNSD genes in green, and leaderless genes in orange. For all maps, the number of genes included in the analysis is indicated.
(C) Fractionofmapped readsaround the start codon forShine-Dalgarno,UNSD, and leaderlessgenesduringexponential growth (blue) andnutrient starvation (purple).
(D) Distribution of RPF read lengths of initiating ribosomes for each gene category: Shine-Dalgarno, blue; UNSD, green; leaderless, orange.
See also Figures S3 and S4.
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M. tuberculosis; Kempsell et al., 1992) in the 30 nucleotides up-
stream of the start codon for the set of reliably quantified Shine-
Dalgarno and UNSD genes. The distance of the Shine-Dalgarno
sequence from the start codon and the number of matches be-
tween the gene-specific and canonical Shine-Dalgarno sequence
were extracted. As we have identified that UNSD genes have
significantly reduced median RO values (Figure 1F), we also
considered in our analysis instanceswith fewer than fourmatches,
which should represent UNSD genes. These metrics were used
to assess the relationship between RO and Shine-Dalgarno
sequence strength. Indeed, Shine-Dalgarno sequences that are
closer matches to the 16S rRNA anti-Shine-Dalgarno have higher
ROs than those that are less well matched (linear regression RO
versus number of matches; Figure 2C). The conservation of a
coreGGAGGmotifwithin theShine-Dalgarnosequencehadnoef-
fect on RO (Figure 2D).
Translation efficiency (the ratio of RPF reads to RNA-seq
reads) has been shown to be determined by both codon bias
andmRNA folding energy (Tuller et al., 2010). To rule out the pos-
sibility that our RO results were unduly influenced by codon bias,
we analyzed the codon composition of the 20 codons down-
stream of the start codon and compared leaderless, Shine-Dal-
garno, and UNSD sequences. In general, there were few signifi-
cant differences among the types of transcript (Table S2B),
although it was interesting to note that it was sometimes the6 Cell Reports 34, 108695, February 2, 2021most abundant codons genome-wide that were significantly en-
riched among the types of transcript. For example, the codons
CUG and CCG are the most used leucine and arginine codons
in mycobacteria (Andersson and Sharp, 1996), and both were
significantly over-represented (Fisher’s exact test p < 0.004;
two-sided) in leaderless compared to Shine-Dalgarno and
UNSD transcripts in our dataset (Table S2B).
Impact of nutrient starvation on mechanisms of
translation
The concept of preferential translation of particular mRNA sub-
sets by ‘‘specialized ribosomes’’ has been extensively explored
in eukaryotic cells, and recent evidence suggests that it may also
provide a central element in bacterial responses to stress
(Berghoff et al., 2013; Picard et al., 2013; Vesper et al., 2011).
We have previously characterized the transcriptional response
of M. tuberculosis to nutrient starvation, showing that transcrip-
tion of leaderless genes increases under conditions of nutrient
starvation (Cortes et al., 2013). To further quantify the effect of
translation of different classes of mRNA transcript on the stress
translatome, we performed parallel RNA-seq and Ribo-seq on
triplicate M. tuberculosis cultures that had been nutrient starved
for 24 h (see STAR Methods; Tables S1D and S1E). We obtained
a range of RPF read lengths from 15 to 40 nucleotides, but with a
well-defined peak at 26 nucleotides (Figure 3A). We performed
metagene analysis on the RPFs from nutrient-starved cultures
Figure 4. Differential expression in response
to starvation
(A) Venn diagrams showing the up- and down-
regulation of gene expression at the level of
RNA and RPFs in response to starvation (three
biological replicates).
(B) Distribution of RO values across UTR cate-
gories in starvation. Horizontal bars represent
median values. L, leaderless; SD, Shine-Dal-
garno; UNSD, 50 UTR no-Shine-Dalgarno; NA,
not assigned (Kruskal-Wallis test, p < 0.001).
(C) Volcano plot and contingency plots showing
the proportion of genes in each UTR category
that were up- or downregulated in starvation.
Orange, leaderless; blue, Shine-Dalgarno, green,
UNSD; gray, not assigned. The bar above the
plot indicates the representation of each func-
tional category relative to its representation in
the genome
(D) Scatterplot showing the changes in the
transcriptome (RNA) and translatome (RPF)
during starvation. Dark gray, co-regulated
genes; yellow, genes regulated at the level of the
translatome only; pink, genes regulated at the
level of the transcriptome only; purple, genes changing in opposite directions.
(E) Changes in the expression of known and putative ribosome-associated factors in the translatome.
See also Figure S2 and Tables S1 and S3.
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exponentially growing cultures, the three classes of transcript
showed distinctive patterns of ribosome densities around the
start codon: Shine-Dalgarno and UNSD genes both have foot-
prints upstream of the start codon, whereas leaderless genes
show a small peak at the start codon followed by increased ribo-
some densities along the length of the gene (Figure 3B).
To better compare the differences in ribosome densities
around the start codon for the different gene categories between
exponential and nutrient starvation, we plotted the fraction of
mapped reads corresponding to each nucleotide position from
–20 to 20 nucleotides around the start codon (Figure 3C). This
analysis revealed differences in the initiation patterns for the
different gene categories upon starvation. For example, Shine-
Dalgarno genes have an identifiable peak at the start codon in
both datasets, but the initiation peak in the starvation dataset
is less pronounced. Contrarily, the initiation peak for leaderless
genes is more pronounced upon starvation, whereas the pat-
terns for UNSD genes do not change considerably. The predom-
inant read lengths for ribosomes initiating translation of the three
different gene categories during nutrient starvation were similar
to those described during exponential growth (Figure 3D; over-
laid shown in Figure S3A).
Translational gene regulation during nutrient starvation
Having identified differences in the initiation profiles of Shine-
Dalgarno transcripts versus non-canonical transcripts and how
these vary upon stress, we next assessed the global translational
response of M. tuberculosis to nutrient starvation.
RNA-seq analysis of nutrient-starved samples confirmed
previous transcriptomic studies with mRNAs for 560 genes
increasing >2-fold and 589 genes decreasing >2-fold (adjusted
p < 0.01; Table S3), with downregulated genes including genescoding for ribosomal proteins and genes involved in energymeta-
bolism (Betts et al., 2002;Dahl et al., 2003;Cortes et al., 2013). The
global response at the level of the translatome was similar, with
RPFs for 679 genes increasing >2-fold and 711 genes decreasing
>2-fold, but the overlapbetween transcription and translationwas
moderate. In total, 414 genes were both significantly upregulated
at the level of mRNA and RPFs, and 461 genes were significantly
downregulated (Figure 4A), highlighting a potential scope for
translational regulation. Of the mRNA transcripts that were more
than 10-fold upregulated in our previous study (Cortes et al.,
2013), 68% were also significantly upregulated at the level of the
translatome in this dataset (Table S3).
We were able to quantify reliable rates of translation for 3,032
genes, of which 477 (16%) were leaderless, 516 (17%) were
Shine-Dalgarno genes, and 572 (19%) were UNSD, showing
similar percentages of translation among gene categories to
those reported during exponential growth. To check if different
transcript categories are translated with differing ROs upon
stress, we calculated RO values as previously described and
compared their median RO values (Figure 4B). In the starved
translatome, the median RO significantly decreased for all
gene categories compared to exponential growth (Mann-Whit-
ney test, p < 0.0001), but as for exponential growth, median
RO values for Shine-Dalgarno genes remained significantly
higher than for all other gene categories (Figure 4B) (Kruskal-
Wallis test, p < 0.001). Next, to further evaluate if there was a
global upregulation of any gene category in the starved transla-
tome, we plotted the differentially regulated genes in the transla-
tome in a volcano plot and overlaid the gene categories (Fig-
ure 4C). There was a statistically significant global upregulation
of all types of transcript (leaderless, Shine-Dalgarno, and
UNSD; Fisher’s exact test, p < 0.002) relative to those genes
not assigned to a gene category, but the greatest effect wasCell Reports 34, 108695, February 2, 2021 7
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17% of the upregulated genes expressed during nutrient starva-
tion, compared with just 7% of those downregulated (Figure 4C).
To further identify translationally regulated genes in nutrient
starvation, we plotted the genes that were reliably expressed
during starvation according to changes in mRNA and RPF levels
(Figure 4D; significance criteria were an absolute log2 fold
change > 1 and p-adjusted < 0.01; all genes with changes in
RNA or RPF levels are shown, but only those meeting the thresh-
olds for significant changes are colored) and looked at the repre-
sentation of particular functional and UTR categories within each
cluster of genes. There were only two genes that were dysregu-
lated upon starvation: one gene was downregulated at the level
of RNA but upregulated in the translatome (Rv2032), and one
gene was upregulated at the level of RNA but downregulated
in the translatome (Rv3182). We next performed an enrichment
analysis of Gene Ontology (GO) terms for the set of genes that
were significantly up- and downregulated at the level of the
translatome only (see STAR Methods). Among the 264 genes
that were significantly upregulated at the level of the translatome
only, there was a significant overrepresentation of GO terms
associated with monooxygenase and oxidoreductase activity,
as well as with regulatory region DNA binding.
As potential mechanisms underlying differential translation of
Shine-Dalgarno versus genes with other UTR types (including
leaderless genes) could include quantitative differences in the
abundance of components of the translational machinery, we
looked for preferential translation of ribosomal proteins, ribo-
some-associated factors, as well as translation factors during
starvation (TableS3).Analysisof thedifferential expressionof ribo-
some-associated factors during starvation highlighted the signifi-
cant upregulation of three genes: Rv1738, RafS, and Rv2632c
(DESeq2; Love et al., 2014; Figure 4E). The function of the product
ofgeneRv1738hasnotbeenbiochemicallydetermined,but struc-
tural studies suggest it may function as a ribosome hibernation-
promoting factor (HPF) as it bears significant structural homology
to the HPF proteins from E. coli and Vibrio cholerae, including
docking of the Rv1738 protein dimer into the groove where
HPFs bind the 70S ribosome (Bunker et al., 2015). The upregula-
tion of Rv1738 in starvation is consistent with its potential role as
an HPF and with a role in tolerance of early nutrient starvation.
Rv2632c bears some homology to Rv1738 but lacks the ring of
positively charged residues likely to be important for ribosomal
RNA binding (Bunker et al., 2015).RafS (Rv3241c) was also signif-
icantly upregulated in starvation. RafS is homologous to
MSMEG_3935, which contains an S30AE domain and a ribo-
some-binding domain and has been shown to bindmycobacterial
ribosomes under conditions of hypoxic stress (Trauner et al.,
2012). Biochemical characterization of RafS, including structural
studies of this protein bound to mycobacterial ribosomes, indi-
cates a mycobacterial-specific interaction that seems to prevent
subunit dissociation and degradation during hibernation without
the formation of 100S dimer (Mishra et al., 2018).
DISCUSSION
In thismanuscript, wepresent Ribo-seqdata fromM. tuberculosis
H37Rv under conditions of exponential growth and nutrient star-8 Cell Reports 34, 108695, February 2, 2021vation in vitro. Our data, which were collected in triplicate, show
a high level of reproducibility and appear to represent genuine
translation events. There is good agreement with the previously
published transcriptomic response of M. tuberculosis to nutrient
starvation: of the most highly upregulated mRNA transcripts in
nutrient starvation (10-fold or more upregulation) previously re-
ported (Corteset al., 2013), 68%werealsoupregulatedat the level
of the translatome. Our data shed light on multiple aspects of
translation in mycobacteria, from the role of the Shine-Dalgarno
sequence in influencing RO to mechanisms of initiation.
Our data also provide biochemical evidence for a ~14-nt
spacing between the P-site and the 30 boundary of themycobac-
terial ribosome, which is in agreement with estimates obtained in
the attenuated M. tuberculosis mc27000 strain (Smith et al.,
2019) and the distance found in E. coli (Woolstenhulme et al.,
2015). This distance was obtained by 30 assignment of RPF
reads (Woolstenhulme et al., 2015), which has been shown to
be the best method for determining the position of the ribosome
on the mRNA. The need for 30 assignment arises because unlike
Ribo-seq libraries from Saccharomyces cerevisiase, which show
strong three-nucleotide periodicity as the ribosome translocates
codon by codon along the mRNA, bacterial Ribo-seq libraries
show a broad distribution in RPF read lengths. However, when
reads are aligned by the 30 boundary, the start codon peak is
reduced to 1–2 nt wide, and the position of the ribosome can
be accurately inferred (Balakrishnan et al., 2014; Nakahigashi
et al., 2014; Woolstenhulme et al., 2015). We therefore used 30
assignment prior to metagene analysis of our data to obtain
the position of the ribosome.
In our study, we used chloramphenicol to arrest translation.
Chloramphenicol arrests elongation but has little effect on initia-
tion, potentially leading to an accumulation of ribosome density
at the 50 end of CDSs (Mohammad et al., 2019). When we per-
formed asymmetry analysis to assess the extent of this bias,
we did indeed find an enrichment of the 50 ends of genes (Fig-
ure S4A). However, when we repeated the DESeq2 analysis of
differentially translated genes during nutrient starvation to ac-
count for reads across the first 50 codons, we found little differ-
ence in the results, suggesting that in this case, any bias toward
the 50 ends of genes has little influence on our analysis. Also, as
chloramphenicol affects translation in a context-specific
manner—preferentially arresting translation at alanine, serine,
and threonine residues (Choi et al., 2020; Marks et al., 2016)—
it could have potentially impacted our metagene analysis if these
codons are represented differently across gene categories. After
comparing the occurrence of these three codons across the first
20 amino acids for each gene category, we could not observe
any significant bias, likely indicating the context-specific arrest
of chloramphenicol has no influence on the interpretation of
our metagene analysis (Figures S4B and S4C).
The role of translational reprogramming as a mechanism for
shaping the proteome during stress to guarantee bacterial sur-
vival has been widely described in bacteria (reviewed in Starosta
et al., 2014). In the context of M. tuberculosis, the robust trans-
lation of leaderless mRNA transcripts during exponential growth
and their upregulation under stress conditions is likely to play a
role in cell survival. Our data point toward mycobacterial ribo-
somes being somewhat promiscuous in terms of the types of
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garno and non-canonical transcripts being efficiently translated.
Metagene analysis revealed differences in the initiation mecha-
nisms of translation of these types of transcripts, with Shine-
Dalgarno transcripts showing ribosomal pausing at the start
codon—presumably representing assembly of the pre-initiation
complex and Shine-Dalgarno to anti-Shine-Dalgarno binding to
stabilize the complex. However, initiation of non-Shine-Dalgarno
transcripts appears to lack this pause, consistent with amodel in
which pre-assembled 70S monosomes directly bind the mRNA
and quickly become elongation competent. One limitation of
our analysis is that by selecting only reads of 15 nucleotides or
longer, we are able to capture only leaderless initiation com-
plexes where the start codon is already in the P-site (14 nucleo-
tides from the 30 boundary of the ribosome), not any smaller in-
termediate complexes that may also be relevant for leaderless
initiation. Thus, we may have selected against observing pauses
near the start codon for leaderless transcripts. Finally, the
changes observed in the initiation peaks for Shine-Dalgarno
genes in starvation compared to exponential growth suggest
that 30S initiation plays a less important role in the overall trans-
lational landscape of M. tuberculosis during starvation.
It is interesting that the putative ribosome stabilization factors
RafS, Rv2632c, and Rv1738 were significantly upregulated dur-
ing nutrient starvation. This observation is consistent with previ-
ous studies that have proposed roles for these proteins in 70S
ribosome stabilization and tolerance of early nutrient starvation
and hypoxic stress (Bunker et al., 2015; Trauner et al., 2012).
The stabilization of 70S monosomes is relevant to the increase
in leaderless translation under conditions of nutrient starvation
because the assembled 70S ribosome has been proposed
as the species that initiates leaderless translation. This is further
supported by our metagene analysis, which indicates a
smoother and more rapid initiation for leaderless translation
compared to Shine-Dalgarno translation, which exhibits a char-
acteristic pause at the start codon that we attribute to assembly
of the pre-initiation complex involving binding of the Shine-Dal-
garno-anti-Shine-Dalgarno sequences, 50S subunit joining,
and GTP hydrolysis to render the ribosome elongation compe-
tent. Similar mechanisms for initiation seem to occur in both
exponentially growing and nutrient-starved cultures; however,
the proportion of leaderless-translated mRNA increased during
nutrient starvation. This observation suggests that there are
not distinct mechanisms of translation occurring during different
growth conditions, but rather factors that stabilize intact ribo-
somes may play a role in ensuring continued robust translation
during conditions of stress.
Both translation and decay affect expression and possibly also
measures of RO, with naked mRNAs being more susceptible to
decay than ribosome-protected molecules, potentially skewing
RO values toward genes with less stable mRNAs appearing to
have higher RO values than those with very stable mRNAs. As
shown in Figure S2D, our analysis suggests that any such effect
contributes only negligibly toward RO. The influence of the
strength of the Shine-Dalgarno sequence on RO is a complex
issue. Previous studies have reported little or no correlation be-
tween RO and the strength of the Shine-Dalgarno motif (Schrader
et al., 2014; Li et al., 2014; Li, 2015; Del Campo et al., 2015) whenlooking at genome-wide effects. However, at the level of individual
genes, mutation of the Shine-Dalgarno sequence to decrease
binding of the mRNA to the ribosome has been shown to reduce
protein expression (Woong Park et al., 2011), and mRNA tran-
scripts with strong Shine-Dalgarno sequences and mutated start
codons were shown to be protected from degradation in some
cases (e.g., Bechhofer and Dubnau, 1987). In our study, closer
complementarity to the anti-Shine-Dalgarno sequence (Kempsell
et al., 1992) resulted in higher RO. How can these results be
reconciled? A key study by Buskirk and co-workers dissected
the influence of A-rich sequences in 50 UTRs from the impact of
Shine-Dalgarno strength (Saito et al., 2020). We found that
UNSD genes have significantly reduced median levels of RO
from those of Shine-Dalgarno genes and, in agreement with the
results from Saito et al. (2020), could potentially reflect the impor-
tance that other components like the local RNA structure, RNA
folding kinetics, and presence of A- or G-rich stretches around
the start codon can play in translation initiation.
The seven geneswith very highWatson-Crick complementarity
to the anti-Shine-Dalgarno (Kempsell et al., 1992) had statistically
significant higher RO than genes with fewer matches. These
genes include a probable transcriptional regulatory protein
(Rv2324), a phosphate starvation-inducible protein (Rv2368c),
the 6-kDa early secretory antigenic target EsxA (Rv3875), a prob-
able dehydrogenase (Rv2280), and three conserved hypothetical
or unknownproteins (Rv0060, Rv1813c, andRv0272c). AsRO is a
measure of RPF/mRNA and cannot account for protein degrada-
tion, the proteins with high ROs are not necessarily those most
abundant in the cell. However, in terms of the mechanism of their
translation, it is interesting to ask what the transcripts encoding
these proteins have in common, and our data indicate that high
complementarity of the Shine-Dalgarno sequence is one such
feature.
To date, the development of novel therapeutics against
M. tuberculosis has been slow, hindered in part by the difficulties
of studying a slow-growing category 3 pathogen and by the chal-
lenges of genetic manipulation of this organism. The data ob-
tained from our experiments provide a rich resource for studying
translation and its regulation inM. tuberculosis that will be useful
to other researchers.STAR+METHODS
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Materials availability
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Data and code availability
The accession number for the RNA-seq and Ribosome profiling data reported in this paper is ArrayExpress: E-MTAB-8335. https://
www.ebi.ac.uk/arrayexpress
The code supporting the current study have not been deposited in a public repository but are available from the corresponding
author on request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS
Culture conditions
All materials and reagents were of analytical grade and obtained from Sigma-Aldrich (Merck, Darmstadt, Germany) unless otherwise
specified. All buffers were prepared using water purified to a resistance of 18.2 MU cm-1 and filtered through a 0.2 mm membrane
(Millipore, Billerica, MA, USA) before use.
M. tuberculosis H37Rv was grown in Middlebrook 7H9 medium (BD Diagnostics) supplemented with 10% Middlebrook albumin-
dextrose-catalase (ADC) (BD Diagnostics), 0.2% glycerol and 0.05% Tween 80 at 37C until OD600 was 0.4–0.6. For starvation ex-
periments, exponentially growing bacteria were pelleted, washed twice in PBS and resuspended in PBS supplemented with 0.025%
Tyloxapol, andmaintained in culture for a further 24 h. Three independent cultures of exponentially growing and nutrient starved cells
were prepared for the three biological replicates needed for parallel RNA and Ribosome profiling experiments. For ribosome profiling
experiments, chloramphenicol was added to a final concentration of 100 mg/ml 2 min prior to harvesting cells. All bacteria were har-
vested by centrifugation at 4000 rpm and 4C in a JS 4.0 swinging bucket rotor (Beckman Coulter, Brea California) and immediately
processed as described below.
METHOD DETAILS
Ribosome profiling
Sample preparation for ribosome profiling was carried out according to a modified form of the method of Latif et al. (2015). All steps
were performed on ice or using chilled buffers.M. tuberculosis cell pellets were resuspended in lysis buffer (20 mM HEPES, pH 7.4;
200 mM KCl, 1% Triton X-100, 12 mM MgCl2, 1 mM CaCl2, 1 mg/ml heparin, 100 mg/ml chloramphenicol and 5 U/ml DNase I) and
transferred to ribolysing matrix tubes (Lysing Matrix B (cat no 6911-050) MPBio). Cell lysis was performed by ribolysing the sample
three times for 30 s at power 6.5 (Fast Prep Hybaid FP120HY-230, MPBio). Ribolysing matrix and cell debris were removed by centri-
fugation at 12,000 rpm (JA-15 1.5 rotor, Beckman Coulter) for 10 min.
The ribosome profiling samples were then double filtered through a 0.2 mm membrane (Corning, New York) to ensure sterility
before incubation for 45 min with 24 mL microccocal nuclease (NEB) and 15 mL DNaseI (Thermo Fisher, Waltham, Massachusetts)
to digest mRNAs that are not bound by ribosomes . Nuclease digestion was stopped by addition of 10 mL Superase In (Thermo
Fisher) and 5 mL 0.5 M EGTA and cell lysates loaded onto a 34% sucrose cushion. Ribosomes were harvested by centrifugation
at 40,000 rpm for 15 h in an SW40Ti rotor (Beckman Coulter). To isolate the ribosome-bound mRNAs or ribosome footprints
(RPF), the ribosomal pellet was then resuspended in Qiazol (QIAGEN, Hilden, Germany) and small RNA isolated using the miRNeasy
mini kit (QIAGEN). Isolated RNA was precipitated and resuspended in 10 mM Tris, pH 8.0. Finally, RPF samples were depleted of
ribosomal RNA using the RiboZero rRNA removal kit for bacteria (Illumina) and purified using RNeasy MinElute columns (QIAGEN).




M. tuberculosis cell pellets were resuspended in RNApro solution (MPBio, Irvine, California) and ribolysed three times for 30 s at po-
wer 6.5 (FastPrep Hybaid FP120HY-230, MPBio). Ribolysing matrix and cell debris were removed by centrifugation at 12,000 rpm
(JA-15 1.5 rotor, Beckman Coulter) 4C for 10 min. The total RNA sample was then removed from the ribolysing tube and chloroform
added. The sample was vortexed for 10 s and incubated at room temperature for 5min before centrifugation at 12,000 rpm (JA-15 1.5
rotor, Beckman Coulter) 4C for 5 min. The aqueous phase was then transferred to a new tube and 1.5 volumes of 100% ethanol
added. Samples were incubated at 20C overnight and spun to pellet the RNA. The pellet was washed with 75% ethanol, air-dried
and resuspended in nuclease-free water. A further acid-phenol chloroform extraction was performed to improve purity of the RNA
before resuspending the final pellet in nuclease-free water. Genomic DNA contamination was assessed by PCR for 16S genomic
DNA and, if present, samples were treated with DNase I followed by a further acid-phenol chloroform extraction.
Next, sampleswere depleted of ribosomal RNAusing the RiboZero rRNA removal kit for bacteria (Illumina) and purified usingRNeasy
MinElute columns (QIAGEN). Finally, total RNA samples were then subjected to fragmentation using RNA fragmentation reagents
(Thermo Fisher) at 80C for 20min. The quantity and quality of the sampleswere assessed at each step using the bioanalyser and qubit.
Library construction and sequencing
RPF and total RNA samples were converted to cDNA libraries as previously described (Latif et al., 2015). Briefly, samples were
treated with T4 PNK (NEB) at 37C for 30 mins and purified using RNeasy MinElute columns (QIAGEN). The NEBnext small RNA li-
brary prep kit (NEB) was used according to manufacturer’s guidelines to construct the multiplexed cDNA libraries. Multiplexed
sequencing was performed by Cambridge Genomic Services using a NextSeq 500 (Illumina, San Diego, California) with single
end reads of 75 bp.
Genome mapping
For the RPF reads, adaptors were removed from the 30end of sequencing reads using Cutadapt (Martin, 2011) and only trimmed se-
quences longer than 15nt were kept for further analysis. Bowtie (Langmead et al., 2009) with default parameters was then used to
align the trimmed sequences against a reference database containingM. tuberculosis ribosomal RNAs (rRNAs) and stable RNAs se-
quences downloaded from the Mycobrowser website (Kapopoulou et al., 2011). All aligned reads to rRNA were discarded, and the
pool of rRNA-depleted RPF reads were finally aligned to theM. tuberculosis H37Rv reference genome (AL123456) using Bowtie and
allowing for up to twomismatches in a seed length of 28 nt. Reads not aligning to a unique location and reads aligned longer than 40nt
were discarded
For the total RNA sequencing reads, Trimmomatic software (Bolger et al., 2014) was used to remove bases from the start and the
end of the reads when its quality was below 20, and trimmed reads were mapped against the M. tuberculosis H37Rv reference
genome as described above.
Read densities analyses
To gain more insight into ribosome position, a custom phyton script was used to assign ribosome occupancy to the 30end of RPF
reads as previously described (Balakrishnan et al., 2014; Nakahigashi et al., 2014; Woolstenhulme et al., 2015). This method yields
higher resolution into ribosome positioning than the previous center-weighting method commonly applied to ribosome profiling
studies in bacteria (Becker et al., 2013; Oh et al., 2011). After 30 assignment, a custom phyton script was used to perform metagene
analysis, which gives information on the distribution of ribosomes along an average message by averaging the read densities across
all genes (Becker et al., 2013). Only genes greater than 300 nt and which are well-expressed (having more than 100 reads mapped
and a minimum number of 1 read per codon along the gene region) were considered for analysis. This was used to generate plots of
average ribosome occupancy for genes aligned at their start and stop codons.
In E. coli, 30assignment defines a strong peak of 1-2 nt width located 15 nt downstream of the first nucleotide of the start codon
(Woolstenhulme et al., 2015), which corresponds to the distance from the P-site codon to the 30 boundary of the E. coli ribosome
(Hartz et al., 1988; Yusupov et al., 2001). In order to determine the P-site offset in our dataset, we used the 30 assignment to perform
metagene analysis at the stat codon for each read length between 15-40 nt, and then measured the distance between the highest 30
peak of the start codon and the start codon. This analysis revealed two populations of RPFs, with footprints between 28-40 nt
showing clearly defined initiation peaks located approximately 14nt downstream of the start codon, and shorter footprints showing
sometimes less pronounced and defined initiation peaks which were located closer to the start codon. After measuring the distances
from the 30end peaks to the start codon we could establish a default p-site offset of 14 nt for our dataset. Next we used this offset
value of 14 nt to re-run themetagene analysis generating a plot of average ribosome occupancy for genes aligned at their start codon
that clearly confirmed a pronounced peak at the first nucleotide of the start codon (Figure S4D).
QUANTIFICATION AND STATISTICAL ANALYSIS
Quantification of gene expression
For the RPFs and total RNA reads, Bedtools (Quinlan and Hall, 2010) was used to calculate the read coverage for each genomic
feature. Mycobrowser annotation (Release R1, November 2017) was used as the annotation reference of theM. tuberculosis genomeCell Reports 34, 108695, February 2, 2021 e3
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values for both RPFs and total RNA reads as previously described (Becker et al., 2013; Mortazavi et al., 2008). Asymmetry scores
for each gene were calculated as log2 values of the ratio of RPKM in the second half of the gene over RPKM in the first half (Moham-
mad et al., 2019). For the definition of 50UTR regions, available data for transcriptional start sites inM. tuberculosis (Cortes et al., 2013)
was integrated with the Mycobrowser annotation. Reads spanning across the 50UTR-CDS boundary were counted as both UTR-
mapping reads and CDS-mapping reads. For the definition of gene categories as leaderless, Shine-Dalgarno and UTR, the classi-
fication from Cortes et al. (2013) was also used. Reliably quantified genes were those genes with at least 128 total read counts be-
tween the three replicates, ensuring that measurements were reliable and not dictated by sampling error (Ingolia et al., 2009) (Figures
S2A and S2B). Ribosome occupancies (ROs) for reliable quantified genes were calculated by dividing the expression rates (RPKMs)
of translation by those of transcription.
Differential expression analysis
For the differential expression analysis of RPFs and total RNA reads under nutrient starvation, genome coverage of readsmapping to
genes was used for statistical testing using the DESeq2 R package (Love et al., 2014). Differentially expressed genes were consid-
ered when fold changes between exponential growth and starvation were greater or equal to two and the corresponding adjusted
p value was less than 0.01. The enrichment analysis in GO terms was performed using the BiNGO application software from
Cytoscape (Maere et al., 2005).
Shine-Dalgarno specificity analysis
The Shine-Dalgarno sequence for each gene was found by searching for the canonical Shine-Dalgarno motif (AGAAAGGAGG) in the
30 nucleotides upstream of the start coding using blast (-task blastn -word_size 4). The number of matches and location of the Shine-
Dalgarno sequence was extracted by analyzing the high-scoring segment pair output by blast.
Statistical analysis
Unless otherwise stated, GraphPad Prism version 8 for Mac (GraphPad Software, San Diego, California) was used to calculate all
statistical tests as described in the text. For Figure 1B, data represent the Spearman’s correlation coefficient for the RPF (n = 3)
and RNA libraries (n = 3). For Figures 1F and 4B, data represent the distribution of RO values across UTR categories with horizontal
bars representing the median, and distribution of mRNA half-lives in Figure S2. Statistical analysis was performed using the Kruskal-
Wallis test. Correlation plots of mRNA versus RO are presented in Figure 1G and of mRNA half-lives versus RO in Figure S2, with
Spearman coefficients and linear regression included for each gene category in both Figures. Figure 1H represents distribution of
RO values across different functional categories with horizontal bars indicating median values. Statistical analysis was performed
using Dunn’s multiple comparisons for RO values across functional categories and results are available in Table S2A. For Figure 2C,
the association between TE and Shine-Dalgarno strength was characterized by performing ordered linear regression using R (v3.6.3)
by applying the linear regression (lm function) using the RO as the outcome variable and number of matches as a predictor. The num-
ber of matches were treated as an ordered categorical variable with 0-3 matches aggregated into a single category. For Figure 2D,
linear regression between RO and the number of matches and presence of a core using the lm function in R was performed. For Fig-
ures 4C–4E, changes in expression were quantified using DESeq2, with significant changes occurring when absolute log2 fold-
change > 1 and adjusted p value < 0.01. Bars in Figure 4C represent results of contingency analysis between the proportion of genes
in each UTR category. In Figure S2, simple binomial partitioning of the total number of reads between two replicates was used to
predict standard deviation values. Codon usage analysis was quantified by calculating frequency of codons across the first 20 amino
acids after the start codon for the different gene categories. Differences in the representation of codons were analyzed by performing
Fisher’s exact tests and associated p values are available in Table S2B. Figure S4C shows boxplots comparing the median levels of
percentage representation of alanine, serine or threonine codons over the first 20 amino acids across the gene categories. Horizontal
bars indicate median levels. Differences between median levels between categories were assessed using ANOVA.e4 Cell Reports 34, 108695, February 2, 2021
